A regional-scale assessment of digital mapping of soil attributes in a tropical hillslope environment. by CARVALHO JUNIOR, W. de et al.
Geoderma 232–234 (2014) 479–486
Contents lists available at ScienceDirect
Geoderma
j ourna l homepage: www.e lsev ie r .com/ locate /geodermaA regional-scale assessment of digital mapping of soil attributes in a
tropical hillslope environmentWaldir de Carvalho Junior a,⁎, Philippe Lagacherie b, Cesar da Silva Chagas a,
Braz Calderano Filho a, Silvio Barge Bhering a
a Embrapa Solos, Rua Jardim Botânico, 1024, Rio de Janeiro, RJ, Brazil
b INRA, LISAH, Montpellier, France⁎ Corresponding author.
E-mail addresses: waldir.carvalho@embrapa.br (W. de
lagache@supagro.inra.fr (P. Lagacherie), cesar.chagas@em
braz.calderano@embrapa.br (B. Calderano Filho), silvio.bh
(S.B. Bhering).
http://dx.doi.org/10.1016/j.geoderma.2014.06.007
0016-7061/© 2014 Elsevier B.V. All rights reserved.a b s t r a c ta r t i c l e i n f oArticle history:
Received 30 December 2013
Received in revised form 3 June 2014
Accepted 6 June 2014
Available online xxxx
Keywords:
R
GlobalSoilMap.Net
Kriging
Linear models
Regression treeThe purpose of this study was to analyze the relationships between soil attributes and environmental covariates
in a tropical hillslope environment on a regional scale to estimate spatial distribution of soil attributes and iden-
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performed in Bom Jardim County, Brazil, and covered an area of 390 km2 with a soil database of 208 sample
points distributed in six depth layers (0.53 pts/km2). The study used 18 environmental covariates derived
from DEM and satellite imagery. The models evaluated were linear regression, regression trees and ordinary
and regression kriging. An exploratory analysis showed that DEM, NDVI, MRVBF, MSP, b3/b2, b5/b7, SPI, SWI,
SLOPE and ASPECT were correlated with soil properties. The models performance had a mean crossvalidation
r2 of 0.13. The best results were achieved with kriging models, with a crossvalidation r2 of 0.19. A comparison
between multiple linear regression and regression trees showed that the tree model yielded the best results.
The sample density alone could not explain the results, but an interaction between DEM accuracy, sample den-
sity, covariates and geological conditionswas suitable as an explanatory factor. Studies of tropical hillslope digital
soil mapping on regional scales need to be more exhaustively focused to develop this research area.
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It is recognized that Earth's natural resources are not inexhaustible.
However, the demand imposed upon these resources is immense and is
increasing beyond the ability of natural cycles to replenish the resource
supply. Thus, the sustainability and the management of these resources
are vital for the survival of all life on the planet, including humans. The
management of these resources requires knowledge and information
about them (Odeh et al., 2007). Land is an important component of the
planet's natural resources and needs to be conserved for future genera-
tions. In this context, soils play an important role. To beneﬁt from the eco-
logical and economic functions of the soil in a sustainable manner,
landholders, corporate stakeholders and government departments need
access to quantitative information on soils (Malone et al., 2009). There
is a clear need for information on precise quantitative relationships be-
tween soils and key environmental factors to facilitate soil data collection
and soil modeling worldwide. Such relationships form the basis of digitalCarvalho Junior),
brapa.br (C. da Silva Chagas),
ering@embrapa.brsoil mapping (DSM) techniques, which are widely considered to repre-
sent the future of soil surveys (Lagacherie and McBratney, 2007).
Digital maps of soil attributes can meet this need through the use of
interrelationships between soil attributes and landscape covariates.
Numerous approaches to the topic of digital maps of soil classes and
attributes have been developed, and various techniques have been ap-
plied in this area of study. Grunwald (2009) summarized the DSM and
modeling papers (2007–2008) published in Geoderma and Soil Science
Society of America journals and showed that of the 90 papers surveyed,
37 used regression and variants of regression, 29 used classiﬁcation/
discrimination, 17 used kriging and 12 used tree-basedmodels. The prin-
cipal approaches associated with DSM involved data-driven knowledge
tools such as geostatistics, data mining, neural networks and expert-
knowledge modeling. For example, Carvalho Junior et al. (2011) and
Chagas et al., 2011 used a neural network approach to map soil classes
and attributes; Ciampalini et al. (2012) and Odeh et al. (2007) used
regression and kriging to estimate soil attributes; and Malone et al.
(2009) used statistics and neural networks to map carbon in the soil.
These DSM techniques apply analyses of the spatial relationships of
soil, terrain attributes and remote sensing images tomodel the environ-
ment. Bui (2010) has demonstrated the importance of geographical soil
databases for mapping ecosystem functions. Focusing on this goal,
GlobalSoilMap.Net will draw on emerging technologies to provide a
Fig. 1. Study area and locations of the soil points for the dataset used in this study.
480 W. de Carvalho Junior et al. / Geoderma 232–234 (2014) 479–486more detailed viewof the quality of theworld's soils andwill help scien-
tists, governments and farmers make better decisions about producing
food, eradicating hunger, managing climate change and reducing envi-
ronmental degradation (Media Release, 2010). As a ﬁrst step, the digital
maps of soil properties speciﬁed in GlobalSoilMap should be built from
the legacy of soil data that has resulted from the efforts of past genera-
tions of soil surveyors (Mayr et al., 2008). TheGlobalSoilMap.Net project
recommends that pedologists seek to rescue these data, which are cur-
rently not fully used (Rossiter, 2008), and use the legacy data to provide
precise quantitative soil information.
This study aims i) to assess the relationships between the soil attri-
butes derived from a sparse legacy soil dataset and continuous environ-
mental covariates, ii) to apply appropriate DSM functions to map soil
attributes and iii) to compare the results with those obtained in other
pedological contexts. The target properties and depth intervals were
those speciﬁed in GlobalSoilMap.Net. The study examined pedological
aspects of a tropical hillslope. Fewprevious studies have assessed the ef-
ﬁciency of digital soil mapping in this context.
2. Material and methods
2.1. Study area
The study area, in Bom Jardim County (Brazil), is located in the
Tropical Atlantic Forest region of Rio de Janeiro State (Fig. 1). ThisTable 1
Decision rules to select the appropriate DSM function.
Adapted from Ciampalini et al. (2012).
Correlation between distance matrices? No (N0.10)
Yes (≤0.10)
a RT = regression tree.390 km2 area includes a mountainous landscape and represents a vul-
nerable and fragile ecosystem that is subject to high annual rainfall,
greater than 1200 mm/year, and has a very rugged topography associ-
atedwith low-fertility soils occupied by small family farms. The regional
soil pattern is complex, due primarily to a history of geological uplift
that has mixed the area's lithologic features. In the legacy soil maps of
the region (Calderano Filho et al., 2009), three principal soil classes
(Oxisols, Inceptisols and Ultisols) are shown to be spatially distributed
over complex soil map units.
2.2. Soil dataset
The soil dataset used in this study consists of 208 soil site samples
collected between 2009 and 2011. This soil dataset consists of 74 soil
proﬁles, 44 extra soil proﬁles and 90 A horizon samples. The extra soil
proﬁles were sampled at discontinuous depths, and the A horizons
were sampled only at the depth of the surface layer. The soil samples
were described and analyzed following a set of speciﬁcations deﬁned
by Embrapa (1997) and Embrapa (2006). The results of analyses of
several soil properties, namely, clay content (g/kg), silt (g/kg), sand
(g/kg), soil organic carbon (SOC) (g/kg) and pH H2O, were used in this
study. The locations of the sampling points were speciﬁed in the UTM
zone 23 south cartographic system.
Interpolation was necessary to obtain values for the soil proper-
ties at the ﬁxed depth intervals required by the GlobalSoilMap.NetCorrelation between paired samples?
NO (N0.02) YES (≤0.02)
Means Linear regression or RTa
Ordinary kriging Regression kriging
Fig. 2. Variances of soil properties expressed as percentages of the global variance.
computed from Gray et al. (2009).
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spline function that was ﬁtted for each soil proﬁle from the set of
horizon values of the deﬁned soil properties. The equal-area spline
function assumed that the variation of soil properties along a proﬁle
is continuous and respects the average values of the soil properties
(Malone et al., 2009). The average interpolated values given by
the spline functions for the required depth intervals (0–5, 5–15,
15–30, 30–60, 60–100 and 100–200 cm) were then used to build
the new soil dataset. The soil attributes of the A horizon samples
were interpolated at most to the depth of the horizon, with an aver-
age interpolation depth of 24.8 cm. Thus, the number of soil attri-
bute values decreased from 208 samples (0.53 pts/km2) in the ﬁrst
two layers (0–5 and 5–15 cm) to 107 samples (0.27 pts/km2) in
the 100–200 layers (column 2, Table 2).Table 2
Number of samples, environmental covariables correlated, the model used and the coefﬁcient
Variablea Samplesb Environmental covariate correlate
clay.1 208 None
clay.2 208 None
clay.3 135 NDVI
clay.4 124 ASPECT, NDVI
clay.5 115 ASPECT, DEM, NDVI, b3/b2
clay.6 106 ASPECT, DEM
silt.1 207 None
silt.2 207 None
silt.3 133 DEM
silt.4 122 DEM
silt.5 113 None
silt.6 105 None
sand.1 206 None
sand.2 206 MSP
sand.3 134 None
sand.4 123 None
sand.5 114 DEM
sand.6 105 SPI
ph.1 207 SLOPE, SWI, b5/b7
ph.2 207 SWI, b5/b7
ph.3 134 SWI
ph.4 123 None
ph.5 116 None
ph.6 107 SWI
SOC.1 205 DEM, MRVBF
SOC.2 205 DEM, MRVBF
SOC.3 132 DEM, MRVBF
SOC.4 121 ASPECT, DEM
SOC.5 113 ASPECT
SOC.6 105 None
a Sufﬁxes 1 to 6 indicate depths of 0–5, 5–15, 15–30, 30–60, 60–100 and 100–200 cm, respe
b Number of samples.
c Covariate with p-value for correlation b 0.02.
d M: mean; OK: ordinary kriging; RK: regression kriging; LM: linear regression; and RT: reg
e r2 for DSM function crossvalidation.2.3. Landscape covariates dataset
The landscape covariates selected were those most commonly
correlated with the soil properties according to the literature and
were derived from freely available datasets or were calculated
using System for Automated Geoscientiﬁc Analyses (SAGA GIS)
and ArcGIS (ESRI). The terrain attributes used were digital elevation
model (DEM), slope, curvature, plan curvature, proﬁle curvature, as-
pect, stream power index (SPI), total insolation (TI), SAGA wetness
index (SWI), mid-slope position (MSP), terrain ruggedness index
(TRI), LS factor, multi-resolution ridge top ﬂatness (MRRTF) and
multi-resolution valley bottom ﬂatness (MRVBF). The DEM was con-
structed with 15 m of spatial resolution from interpolation of contour
lines, point elevation and hydrography in “topo to raster” function of
ArcGIS. The spurious depressions of the DEM were eliminated by pre-
processing and a consistent DEMwas used.
The LandSat 5 TM image (courtesy of the U.S. Geological Survey)
from 2011-09-07 was used to obtain the normalized difference vegeta-
tion index (NDVI) and a set of band ratios — b3/b2, b3/b7 and b5/b7
from the digital number of the image. The image was in pre-processed
level 1 and was geometric corrected to the basic spatial information
(drainage and roads). The environmental covariates were sourced and
interpolated onto a common grid of 15 m resolution, since the input
data to build the DEM was in 1:50 K scale and is greater than the mini-
mum grid cell size pointed by Hengl (2006).
2.4. Methods
The approach used in this study consisted of an evaluation of DSM
functions for each of the targeted soil properties. Four candidate DSM
functions were evaluated: linear regression (LM), ordinary kriging
(OK), regression kriging (RK) and regression trees (RTs). The LM isof determination to each variable.
dc DSM functiond r2 r2 CVe
OK 0.21 0.19
OK 0.19 0.19
RK 0.26 0.18
RK 0.28 0.18
RK 0.24 0.15
LM 0.13 0.09
M – –
M – –
RT 0.28 0.09
LM and RT 0.08 0.07
M – –
M – –
OK 0.37 0.17
RK 0.37 0.17
OK 0.27 0.15
OK 0.23 0.04
RK 0.43 0.2
RK 0.30 0.27
LM and RT 0.11 0.09
RT 0.28 0.10
RT 0.26 0.11
M – –
M – –
LM 0.05 0.03
LM 0.09 0.06
LM 0.09 0.07
LM and RT 0.13 0.11
RT 0.20 0.11
RT 0.30 0.10
M – –
ctively.
ression tree.
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mined by ordinary least-squares methods. The OK and RK allows the
prediction a variable Z, known only at small set of points in the study
area, through the spatial correlation (ordinary) or another correlated
variable (cokriging and regression kriging).
We adapted the approach used by Ciampalini et al. (2012). The
selection of a DSM function was based on decision criteria that resulted
from a preliminary analysis based on statistical tests. In addition, an
improvement designed for the LM model for the analysis of the soil
properties was also evaluated with the RT models. R (R Development
Core Team, 2007) was used to construct the analysis, and the soil
dataset was organized in Excel (Microsoft) spreadsheets and exported
to R in text format.
The exploratory analysis was performed to answer the following
questions: i) which landscape covariate is correlated with the soil prop-
erty? and ii) is the soil property spatially structured? (Ciampalini et al.,
2012). To address the ﬁrst question, a classical test for association be-
tween paired samples using Pearson's product–moment correlationFig. 3. Variograms for sand.2 and claycoefﬁcient was applied. The R function “cor.test”was used for this pur-
pose. The outputs of the function were the probability associated with
the null hypothesis of no correlation and the p-value for each paired
sample of soil property and environmental covariate. A p-value less
than 0.02was considered to represent a signiﬁcant correlation between
the paired samples.
AMantel test was used to determine the spatial structure for a given
soil property. This test measures the correlation between two matrices,
which typically contain measures of distance. A Mantel test is a method
of testing for spatial autocorrelation (Introduction to SAS, 2013). The
output of this test in R software is the p-value that serves to determine
whether two distance matrices are correlated (Statistical Consulting
Group, 2012). We considered that a p-value less than 0.10 indicated a
signiﬁcant correlation between the two (soil property value and spatial
distance in meters) distance matrices.
To provide an appropriate response to the two questions above and
select a DSM function for each soil property analyzed, a decision rule
was used (Table 1). This rule allows the selection of the best possible.1 with exponential adjustment.
Fig. 4. Estimated vs. observed values of SOC.3 for LM and RT DSM functions.
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models are used as possible options for linear regression. If a soil prop-
erty is correlated neither with a candidate landscape covariate nor with
the spatial structure, spatial estimation for that property is impossible,
and the best predictor is the mean over the entire set of proﬁles.
A spherical or an exponential model was ﬁtted to the experimental
variograms, and the RK and OK models were then applied via the
GSTAT R package (Pebesma, 2004). The LM model was applied using
the R “lm” function. The RTmodelswere appliedwith the “rpart” function
of the RPART package (Breiman et al., 1984; Brown et al., 2006).
The performance of the LM, OK and RK models was tested based on
crossvalidation and the model's coefﬁcient of determination (r2). How-
ever, we used 10-fold crossvalidation to test the performance of the RT
model.
3. Results
The results are showed and discussed in subsections, focusing some
aspects analyzed and more important to the digital soil mapping
questions.
3.1. Variances of soil properties over the region
The relative values of the variances of the studied soil properties in
Bom Jardim County are shown in Fig. 2, and these values are expressed
as percentages of a global variance measured from the WISE soil data-
base (Gray et al., 2009). This analysis shows that the variation of clay
content and SOC is highly relative to that of silt, sand and pH. Addition-
ally, the pH and SOC show more variation in the topsoil (0 to 30 cm
depth) than in the subsoil (30 to 200 cm). Nevertheless, the variance
of the attributes is not strong overall and all attributes show a variance
less than 35% of the global value from the WISE soil database.
3.2. Importance of landscape variables in predicting soil properties
The results of the preliminary analysis showed that only DEM, NDVI,
MRVBF,MSP, b3/b2, b5/b7, SPI, SWI, SLOPE and ASPECTwere correlated
with soil properties (column 3, Table 2). Seven of these variables were
derived from terrain attributes, whereas three were derived from
LandSat 5 remote sensing images. The DEM was the most important
terrain attribute; it was correlated with clay.5, clay.6, silt.3, silt.4,
sand.5, SOC.1, SOC.2, SOC.3 and SOC.4. The SWI was directly correlated
with pH at the three initial depths, i.e., ph.1, ph.2 and ph.3, and at the
last depth, i.e., ph.6. The ASPECT, directly derived from the DEM, was
correlated with clay.4, clay.5, clay.6, SOC.4 and SOC.5. The environmen-
tal covariates derived from the image, NDVI and ratio bands b3/b2 and
b5/b7 were correlated with clay content (clay.3, clay.4 and clay.5),
ph.1 and ph.2.
3.3. Selection of appropriate DSM function
Of the 30 soil variables analyzed (ﬁve soil properties, each with six
depths), most (12) were selected for use with the LM and RT models
because the variables were correlated with one or more environmental
covariates and showed no spatial structure. The RK andOKmodelswere
selected for six and ﬁve variables, respectively, for sand and clay. For
seven variables (pH and silt), no DSM functions could be selected, and
the mean was identiﬁed as the best estimator (Table 2).
The pH soil attribute differed between the ﬁrst 3 layers and the last
layer. The LM and RT models were selected for use with the ﬁrst three
layers and the last layer. The SWI environmental covariate had a rela-
tively high correlation factor. The ph.4 and ph.5 layers were best repre-
sented by themean value. The results for SOCwere similar to the results
for pH. The LMandRTDSM functionswere selected for usewith theﬁrst
layers, with theDEM themost strongly correlated environmental covar-
iate (Table 2).3.4. Prediction performance
The coefﬁcient of determination (r2) for the crossvalidation of all the
variables ranged between 0.03 and 0.19, with amean of 0.13. The best r2
values were achieved with the RK and OK models. In contrast, the RT
and R models showed the lowest values of r2 and did not differ signiﬁ-
cantly. This result indicated that these twomodels are equivalent in per-
formance and are limited by the data. According to these results, the
performance of themodels can be considered poor for tropical hillslope
conditions on a regional scale.
To illustrate these results, the variograms for the RK and OK DSM
functions for the sand.2 and clay.1 soil variables, respectively, using
spherical and exponential adjustment are shown in Fig. 3. For these
two variables, the r2 values of 0.30 and 0.21, respectively, were consid-
ered good to intermediate results, in comparison with other studies,
showed in Table 4, for regional scales.
The r2 values for crossvalidation (r2cv) are presented in Table 2. For
the soil variables estimated with the LM and/or RT models, the best re-
sults were achieved for ph.3, SOC.3 and SOC.4 according to r2cv. Fig. 4
shows the plot of the estimated vs. observed values for both models
for SOC.3. Was observed that the ﬁnal groups in RT model improve
the r2 of the model.
Fig. 5 shows the spatial predictions of SOC at 15–30 cm (SOC.3)
by the LM and RT models, clay content at 0–5 cm (clay.1 by the OK
model) and sand content at 60–100 cm (sand.5 by the RK model).
It is observed the inﬂuence of the use of covariates in the models
(see sand 60–100 cm and clay 0–5 cm) in the distribution of the
soil attribute.
The spatial prediction of SOC in the 15–30 cmdepth layer shows that
the 10 and 20 g/kg classes correspond to the greatest per cent area for
bothmodels (Table 3). The histograms of the observed SOC distribution
Fig. 5.Maps of SOC at 15–30 cm based on the LM and RT models, clay content at 0–5 cm and sand content at 60–100 cm.
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showed similar shapes (Fig. 6), and the predictions distributions well
represent the observed ones.
At a depth of 0–5 cm, almost 61% of the area had a clay content be-
tween 323 and 370 g/kg. In certain respects, this result is comparable
to the distribution of the soil samples. At a depth of 60–100 cm, the spa-
tial prediction model showed that 75% of the area had a sand content
between 321 and 464 g/kg.
Under the assumptions that the 0–30 cmdepth range represents the
topsoil and that the 30–200 cm depth range represents the subsoil, the
results showed an average r2 of 0.18 and an average r2cv of 0.12 for the
topsoil. Clay and sand, the topsoil attributesmappedwith theOKandRKTable 3
Percentage of area containing ranges of SOC, clay and sand at various depths, according to
the predictive maps.
SOC 15–30 cm Clay 0–5 cm Sand 60–100 cm
RT LM
g/kg % g/kg % g/kg % g/kg %
b10 2.5 6–10 1.1 221–293 7.0 225–321 12.0
10–15 60.5 10–15 43.4 293–323 20.6 321–371 21.0
15–20 29.6 15–20 52.0 323–346 33.6 371–416 28.9
N20 7.4 20–25 3.5 346–370 28.0 416–464 25.3
N25 0.02 370–451 10.8 464–553 12.8DSM functions, showed anaverage r2 of 0.28 and anaverage r2cv of 0.18.
In contrast, pH and SOC, the attributes of the topsoil mapped with the
LM DSM function, showed an average r2 of 0.10 and an average r2cv of
0.07. Although the values of the coefﬁcient of determination for the
OK and RK functions were low (a relatively poor outcome), the perfor-
mance of these functions was superior to that of the LM functions.
The subsoil, below 30 cm, showed an average r2 of 0.19 and an aver-
age r2cv of 0.11. The kriging (OK or RK) DSM function showed an aver-
age r2 of 0.30 and an average r2cv of 0.17 for the clay and sand content.
For silt and SOC, the LMDSM function showed an average r2 of 0.09 and
an average r2cv of 0.06. These results showed the same tendency as the
topsoil, forwhich the performance of the krigingmodelswas superior to
that of LM. In contrast, the result for the topsoil was slightly superior to
that for the subsoil based on the r2cv values.
The digital mapping of soil attributes evaluated with the RT model
showed an average r2 of 0.10, whereas the average r2 for the LM
model was 0.08. These results suggest that the performance of the RT
and LMmodels was the same.4. Discussion
To understand the poor performance of the methods used to
map soil attributes in Bom Jardim County, we compared our results
with those of similar previous studies (Table 4). The coefﬁcient of
Fig. 6.Histograms of the observed SOC distribution and of the SOC distributions estimated
by the LM and RT models.
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properties. Broadly, these results are acceptable given that for quantita-
tive soil spatial models, r2 values greater than 70% are unusual, whereas
values less than 50% are more common.
The performance of the methods evaluated in the current study was
poor relative to the results of most previous studies, although the per-
formance found in the current study was close to that found by several
previous studies (Gastaldi et al., 2012; Gray et al., 2009). The density ofthe legacy soil proﬁles, spatial distribution and representativeness ap-
pear to play a important role, even the density used in this study was
among the highest densities found in the literature. Moreover, the per-
formance of the DSM methods did not show the same ranking as the
densities given in Table 4. Additionally, this study was conducted in
one of the smallest areas relative to those reported in previous similar
studies in the literature. The best DSM results have been obtained for
study areas of several thousand km2. Most likely, this result is related
to the total variance of the mapped soil attributes. This total variance
was shown to be small in our study area (Fig. 2). Finally, note that this
study was conducted in a tropical area, whereas the other studies con-
sidered were not and the time effect in local poly-pedogenesis was an
important process. It appears that variations on tropical hillslopes
occur at a small scale andwould, therefore, require a higher sample den-
sity than that required in other regions of the world. The higher sample
density for tropical hillslopes would primarily be required in areas
where the regional soil pattern is complex due to the geological uplift
that mixed the area's lithologic features.
In contrast, the results of this study showed that it was very difﬁcult
tomodel the relationships of soils to environmental and legal spatial in-
formation in the context of tropical hillslope areas on a regional scale.
The covariable quality can be contributed to the performance of the
models, but inmost of the cases, exists at least one covariable associated
with the variable distribution or the ordinary kriging was appropriate.
Only seven variables don't have correlation with any one covariable,
where the best representation is the mean value. The mapping perfor-
mance was low to moderate because, at best, 27% of the variation in
the soil properties was captured (RK for sand.6). The reasons for this re-
sult are that the soil properties evaluated (silt, sand and pH) showed
weak variation in the study area and that the regional soil pattern was
complex,withmixed lithologic occurrences. The quality of the digital el-
evation model (DEM) used also inﬂuenced this result.
To better explain and capture the true small-scale variations of soil
attributes based on a sparse soil dataset, we need to assess more envi-
ronmental covariates or more detailed DEMs to identify correlations
that can help map soil attributes. This study used 20 covariates that
are generally used in digital soil mapping. Others must be added to
improve mapping performance. Additionally, we expect that DEMs of
greater quality (cell size and accuracy) will generate improved re-
sponses from the models.5. Conclusions
The use of a sparse soil dataset in tropical hillslope areas to construct
digital maps of soil attributes associated with environmental covariates
on a regional scale only captured a small part of the variability of soil
characteristics in a mountainous region of southeastern Brazil. The pri-
mary reasons for this outcome were the weak variations in soil proper-
ties and the mixed lithologic occurrences. These weak variations were
conditioned by the area's history of geological uplift and its mixed lith-
ologic occurrences. Theymay have contributed to the poor performance
of the methods evaluated. Additionally, the resolution and accuracy of
the DEM may have contributed to this outcome.
The best performance was achieved with the RK DSM function for
sand content between 60 and 200 cm. The average coefﬁcient of deter-
mination was 0.13. This low tomoderate value is typical in digital map-
ping studies of soil attributes.
The principal features of the present investigation relative to the re-
sults obtained are most likely, in order of importance, the area covered,
the sample density and distribution, the quantity and quality of envi-
ronmental covariates used, the accuracy of the DEM and the methodol-
ogy selected. To achieve progress in digital soil mapping of tropical
hillslope areas on a regional scale, aspects of legacy data, such as soil
maps, soil samples and environmental covariates, need to be better
assessed to explain the distribution of soil attributes.
Table 4
Soil data density in this and previous studies, with r2 values.
Author Number of samples Area (km2) Density (no. of samples/km2) r2 mean
This study 208 topsoil 390 0.53 0.20
Aksoy et al. (2012) 97 8336 0.012 0.51 to 0.56
Gastaldi et al. (2012) 1050 75 14 0.18
Malone et al. (2009) 341 1500 0.28 0.44
Gray et al. (2009) 1646 Global scale – 0.29
Cao et al. (2012) 664 439,905 0.0016 0.65
Padarian et al. (2012) 440 110,000 0.004 0.68
Ciampalini et al. (2012) 89 2822 0.032 b0.48
486 W. de Carvalho Junior et al. / Geoderma 232–234 (2014) 479–486We would expect that a more detailed scale would produce better
results in digital mapping studies of soil attributes for tropical hillslope
regions. To explore this potential, additional soil samples and amore de-
tailed DEM to furnish the covariates are imperative.
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